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Abstract— Colonoscopy demands multi-finger coordinated
motion to achieve safe navigation. As a result, training for
colonoscopists is challenging and skill assessment currently
relies on subjective scoring by expert proctors. There is a need
to provide tools for skill assessment and aid with training new
interventionalists. This paper presents a new concept of an in-
hand robotic mediation device that can be used for both skill
assessment and training. The robotic device can be used to
infer the kinematic motion as well as the power input of a user
- both of which are proposed to be used for skill assessment
and subtask skill classification. Preliminary results collected
expert and novice users performing colonoscopy navigation are
used to demonstrate this device as a skill assessment tool. A
machine-learning model (classification and regression trees) is
used for subtask classification of skill and evaluating the most
important classification features. A user study demonstrates the
effectiveness of this in hand haptic training and assessment tool.
We believe that, in the future, this device will enable accelerated
skill assessment and training and possible semi-automation of
difficult maneuvers.

Index Terms— Medical robotics, Colonoscopy, Skill Assess-
ment, Haptic Device

I. INTRODUCTION

Colonoscopy is an intervention involving the insertion and
navigation of a long, flexible endoscope through the large
intestinal tract, entering through the rectum and ending at
the cecum. This procedure provides vital information for
diagnosing and preventing colonic disease. In 2021, the
American Cancer Society and United States Preventive Ser-
vices Taskforce (USPSTF) lowered the recommended age for
colon cancer screenings increasing demand for colonoscopies
[1] and for trained endoscopists [2].

Learning to use a colonoscope is like learning to play
a new musical instrument. It involves multi-fingered, syn-
chronized manipulation of the two knobs and five buttons
shown in Fig. 1. The scope is controlled completely by the
left hand of the user, regardless of hand dominance. The
right hand is reserved for feeding/rotating the colonoscope
shaft into the body. Proper coordination of the forces applied
on the knobs to maneuver the tip through the intestine can
only be learned through prolonged, hands-on practice. This
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practice develops muscle memory to help the trainee learn
the different finger motions necessary for safely controlling
the colonoscope through a patient despite any variation in
friction losses, motion transmission losses, and colon shape.

Colonoscopy training is based on the apprenticeship model
that involves visual and verbal direction from expert users
towards the trainee while the trainee performs colonoscopy
on a patient. The apprenticeship model exposes patients to
pure novices at a very early stage in their training. During
difficult maneuvers, a trainee currently must surrender the
device to an expert to demonstrate navigation. This process
of tool handoff hinders educational progression and delays
the development of muscle synergies needed to achieve
these complex manipulations. Since skill acquisition for the
colonoscope depends on developing muscle memory, verbal
direction proves insufficient when conveying the nuanced
sensory experience intrinsic to colonoscope navigation.

This training paradigm also burdens expert trainers by
diverting time away from potential patient care. New en-
doscopists must complete approximately 200 supervised
procedures to be considered minimally competent [3]. To
address the need for resources, accelerating training, and
skill assessment, this paper addresses the need for a skill
assessment tool that in the future can also double as an expert
trainer for colonoscopy or for semi-automating navigation.

The most related works to this paper lie in the domains of
training tools and skill assessment measures for colonoscopy.
Obstein et al. in [4] used motion tracking data of magnetic
markers on a colonoscope shaft to assess user skill and to
classify experts v.s. novices. The user’s insertion force on
the colonoscope shaft was also used in [5-7] as a means to
assess skill. These works also were limited to consideration
of skill assessment to the entire procedure.

Relative to prior works, we present what we believe is
the first robotic mediation system for in-hand manipulation
and skill assessment that is capable of capturing kinematic
motion data of the colonoscope control wheels as well as
the user’s input torque. This provides the user’s input power
as an additional source of data for skill assessment, which
is an extension of the use of energy for skill assessment as
proposed by [8] within the context of laparoscopic surgery.
We propose various kinematic and power measures and test
their relevance to skill classification at a sub-task level con-
sistent with navigating known segments of the colon. Finally,
this design allows trainees to avoid device handoff and, in
the future, it may be used for training, skill assessment and
automated skill scoring.
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We limit the scope of this paper to presenting the design
of the device (section II), the control and sensing model
(section III), the experimental design (section IV), and skill
assessment (section VI).

Control ;7T N~
Body =

Fig. 1: A standard colonoscope showing the control wheels
and buttons for aspiration, air/water feeding, and auxiliary
image adjustment/freeze.

II. DESIGN OF ROBOTIC MEDIATION DEVICE

The robotic mediation device shown in Fig. 2 consists
of two main mechanisms: the actuation unit and the adapted
colonoscope control body. The system works in parallel with
the user during operation. As the knobs are rotated, the robot
actuates the corresponding motor to complete a desired task.

Fig. 2: Robotic mediation device: a) the actuation unit; b)
the adapted control body of the colonoscope.

A. Actuation Unit

The actuation unit for the collaborative haptic system is
comprised of two geared Maxon EC60 flat (625855) brush-
less motors with capstans for wire wrapping and tensioning
as shown in Figure 3 (a). There are two identical actuator
assemblies, one for each knob on the colonoscope. There is a
32/90 gear ratio from a 32-tooth stainless steel gear attached
to the motor shaft and a 90-tooth brass gear to which the
wire capstans are attached, as shown in Figure 3 (b).

Each motor connects to a wire-rope capstan via a custom
series-elastic element made of @2mm x 32.5mm superelastic
NiTi torsion bar as shown in Fig 3 (c). The wire rope
consists of seven bare 1x19 stainless steel strands (Carl
Stahl Sava Industires PN: 103206). Each wire is @0.8128mm
and roughly 450cm. The rotation of the wire-rope capstan

Fig. 3: CAD renderings of the haptic actuator. The full
actuator assembly (a), the haptic components of one actuator
assembly (b), and cross-section of an actuator showing the
series-elastic element (c). The elastic element facilitates user
torque estimation by measuring the angular deflection of
a NiTi ® bar. The differential angular positions of an @
absolute encoder and the motor’s @ incremental encoder
give the angular deflection from user torque. The motor &
transmits motion to the control wheels through the 32-tooth
stainless steel gear @ to the larger brass gear @.

is read via an absolute encoder (CUI Devices AMT222D-
V 14 bit) while the rotation of the motor is read by an
incremental encoder (CUI Devices AMT10E2-V 5120 PPR).
The differential read between these encoders determines the
torsional deflection of the torsion bar. The torsion bar serves
the triple purpose of providing a means to estimate user input
torque in addition to facilitating actuation transmission while
allowing user intent detection of wheel rotation. More details
about these functions are provided in the section III.

The torsional bar design parameters were determined by
first measuring the typical maximal actuation torque at the
control wheels of the colonoscope. This torque was exper-
imentally measured to be 5S30Nmm. The torsion bar has to
transmit this torque divided by the gear ratio of 90/32, which
results in a maximal torque transmission of 188.4Nmm.

We specified the desired torsional deflection corresponding
with this maximal torque to be 6 degrees. This choice
was made to strike a balance between the need to have a
sufficiently stiff transmission so the user does not feel a
degradation in motion transmission and a sufficiently flexible
shaft to have good sensitivity for torque estimation from shaft
deflection. Upon design iterations checking shaft natural fre-
quency, Von-Mises static failure safety factor, and maximal
strain of less than 1%, we selected a shaft 2.0mm in diameter
with a torsional trasnmission length of 32.5mm. With the
assumption of an encoder with 5120 CPT and quadrature
results in a torque sensing sensitivity of 0.196 gﬁﬁ

The torsional stiffness ks of a round bar is given by
ks = Gmd*/32L With the above diameter d = 2.0mm and
length parameter L = 32.5mm, and assuming a Young’s
modulus of 65Gpa and a shear modulus G = 24.43Gpa, the

nominal torsional stiffness is 20.6 ére‘Nm or 1.181051\%‘.
gree ra

The sensed torque 7 as a function of the absolute! ¢qps

For notation simplicity, we assume that g,ps is the change in absolute
encoder reading relative to when the code was started with incremental
encoder values being reset to zero.
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and incremental ¢;,. encoder readings is given by:
T = ks (qabs - anc) = ksn (l)
N———
n
B. Adapted Control Body

The adapted control body had two SLA printed wheels
press-fit onto the original control wheels of the colonoscope.
The printed wheels included capstans that connected the
control wheels to the motors using wrapped wire ropes.
Actuation transmission is passed from the actuation unit
to the control body via a multi-lumen Teflon tubing for
minimized friction. The wire ropes are directed from the
Teflon tube to the control wheel capstans using a mounted
pulley mechanism as shown in Fig.4.

Fig. 4: The adapted control body of the colonoscope. The
wire paths are shown on the left using colored lines.

III. SENSORY AND CONTROL APPROACH

A successful control framework for the colonoscope
requires estimating the user’s rotational intent and input
power/torque, capturing the required motor torques necessary
to bend the colonoscope in each configuration, and applying
a variable admittance control. The control law must grant the
user control of the colonoscope while reserving the option
to implement virtual fixtures limit bending or offer haptic
cues to help the user with a specific task. To achieve this,
we devised a tiered control strategy for robotic mediation.
A high-level admittance controller (HLC) determines the
user’s intended direction of motion and uses the deflection of
the torsion bar to output a joint-level reference signal. This
output is fed through a mid-level PID position controller
(MLC) that outputs a torque control reference 7,.y to an
embedded joint-level low-level controller (Maxon EPOS2
50/5) via CANopen communication protocol. The HLC and
MLC control framework, data-logging, and communication
with sensors during the user study were implemented using
Simulink Real-Time 2017b with a control rate of 500H z.

A. User power, torque, and intent

The torque on each colonoscope control wheel is a sum
of the actuation torque on the capstans T qpstan € RR2 and
the user torques T.,s., € R? and is equal to the torque

T colonoscope € IR? needed to bend the colonoscope at a given
configuration specified by motor joint values q = [q1, 2] T

T colonoscope = Tuser + T capstan (2)

In the following, we assume that a feed-forward torque
term T;; € IR? is available to approximate the colono-
scope torque, i.€., Tff =~ Tcolonoscope- Using the motor
torques 7 € IR?, the motor-to-capstan gear ratio g; and
the wire-rope capstan transmission ratio g , we can write
T capstan = Tg1g2 and pproximate user torque as:

Tuser ¥ Tff — TJg192 (3)

Using the known stiffness of the torsional bar ks, we can
relate the feed-forward torque as a function of an expected
torsional deflection 7:

Trs = Nksg192 4

which results in the estimate for the user torque input:

Tuser ~ ('F’ - n) ksgl.92~ (5

where 1) is the measured deflection of the torsion bar.
Using the above result and the control wheel angular speed
we can estimate the user’s input power to the system as:

p=w " Tuser 4" (7 —n) ksglgs (6)

where w € IR? denotes the vector of angular speeds of the
colonoscope control wheels.

The user’s intent in rotating the control wheels is de-
termined using the temporal rates of change n;, ¢ = 1,2,
of the torsional bar deflections. We assume that the user’s
inputs torque is sufficiently large to overcome friction in the
wire-rope transmission and induce a change in the torsional
deflection. The incremental change in torsional bar deflection
is calculated using a moving average filter over ncycies

g =y L )

j=1 Neycles
We use the sign of A, to determine the sense of direction
that the user intends to rotate the control wheel. In the
admittance control section below both sign(An) and the
absolute value of 7 are used to follow a user’s intent in
rotating each wheel.

Finally, assuming a responsive tuning for the admittance
controller, the difference (7 —m) can be assumed almost
constant and the user’s input power becomes proportional
to the angular speed w of the control wheels.

B. Estimating motor torques to bend the colonoscope

For each motor, the torque 77y, ¢ = 1,2 was obtained
experimentally in which we bent the colonoscope by rotating
the motors to a known q joint value and read the motor
current from the low-level motor controller (which was set
in current mode). Using Eq.(4), these values were converted
to torsional deflections 7;(q), ¢ = 1,2. The value of 7;(q)
were saved for a collection of monotonously-ordered and
distinct joint value sets Q1 = {q1,,q1,,---,q1, } and Qy =
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{92,,925, - - -, qa,, } following Algorithm 1 and produced two
experimental data matrices ®;, 1 = 1, 2:

711‘((1117(]21) ni(QMa qu)
P; = : ; (8)
ni(q1,,,92,) ni(q1,,»92.,)

Algorithm 1 Defining ®; and &,

Quee = —100:20:100
for q1 = GQuec dO
for 42 = Quec do
(I)l(jv k) =1 (qu ) (J2k)
q)Q(jv k) = 772((113- ) q2k)
end for
end for

Since each element of T is a function of the colonoscope
configuration as determined by the joint values q, we decided
to use a double modal interpolation approach to fit a modal
function series to the experimental data. Using the approach
in [9] we derived the modal interpolation maps as:

Mi(q1,q2) = ¢’(Q1)TA1‘9(Q2),

where 1 (¢1) and 6(q2) specified as monomial bases:
"b(CIl) = [1a Q17q%7 R 7q’f—1]T € R"

,qéufl}T c RY

i=1,2 9)

(10)
(1)

The above monomial bases remain well conditioned below
degree 6, [10] and one could choose another set of orthogonal
functions such as Chebyshev polynomials [11].

Using (9) for all the experimental data collected in ®;
results in the following linear matrix equation with the modal
coefficients matrix A; as the unknown:

9((]2) = [17q2aq§7 e

P = QanAi“X“,I‘wxm (12)

Tnxm

where €2,,«, and Iy, «,, are the following matrices given by
substituting experimental value pairs in Q; and Q:

1 q, q%l . qil’l_i
1 q, 4, - 4,
anv = 1. .2 . ’ . : (13)
1@, ¢, . 4!
M1 1 .. 1
q2, q2, - 42,
Lyuxm = . . . (14)
_q2w;1 qu;l ... qg’r;l

Equation (12) can be re-cast as a linear equation with a
vector as an unknown using Kroneker product [12]:

[T7 ® Q] Vec(As) = Vec(®;) (15)

where ® denotes the Kronecker matrix product
A

and the Vec operator is given by Vec(A)mxn =

[a11 -+ @m1, 012 Ama, -+ Q1 - Gmp) T The  above
equation is solved for A; using:
Vec(A;) = [I‘T ® Q] ' Vec(®;) (16)

where ()T denotes the Moore-Penrose pseudo-inverse.

Once A; is reconstituted from Vec(A;), it can be used in
(9) to provide an interpolation map for 7;. By using (4), we
also obtain the corresponding element 7y, .

C. Active Compliance Control

The HLC implemented a high-level admittance control
law that used the following equation to update the control
reference to the MLC:

Qiy1 = q; + Qg dt (17)
where ¢;41 and ¢;41 are the desired position and velocity
of the incremental encoder, ¢; is the current incremental
encoder position, and dt is the controller’s sample time
(0.002 seconds). The reference signal for joint-level desired
speed is updated based on the user’s input and the error in
expected torques at given positions. We therefore include two
terms ¢yy and qqm to address these two needs:

diy1 = daam + A5y (13)
Given the user’s intended rotation direction as indicated by
sign(An), we use a variable proportional gain feedback law:

qadm = KaKS Sgn(ATI)‘m (19)

where K, is the admittance gain, K is the torsional bar
stiffness constant, and |7| is used to scale the admittance to
allow the motor to follow the user’s input torque proportion-
ally to the induced torsion.

The feed-forward term ¢y is also determined by a propor-
tional gain feedback taking into account the user’s intended
motion direction and the error between the current torsional
bar deflection and the feed-forward (expected) torque needed
to bend the colonoscope.

Gpp =sen(An) K Ka|Trp — Teurl (20)
where the current motor torque was calculated as:
Teur = NKs (21)
and the feed-forward motor torque was calculated as:
T =nkKs (22)

IV. EXPERIMENTAL DESIGN

To understand the relationship between skill level and
torque/work input, a user study with five participants was
conducted to record data characterizing their interactions
with the colonoscope while maneuvering it through a sim-
plified replica of a human colon.
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Fig. 5: (Right) Picture taken while collecting data from the
expert user. (Left) The silicon model of a colon with num-
bered landmarks indicating the different segments of the in-
testine: (D starting location; @ rectum—sigmoid colon; @) sig-
moid—descending colon; @ descending—transverse colon;
® transverse—ascending colon ; ® ascending colon—cecum.

A. Setup and Materials

The experiments, shown in Fig. 5, used an Olympus CV-
180 & CLV-180 Evis Exera II endoscopy system for imaging
and illumination. The Kyoto Kagaku [13] colon model was
enclosed in a foam block and placed beneath the monitor
displaying the live video from the tip of the scope.

The position and orientation of the colonoscope insertion
tube were recorded using a 3D Guidance trakSTAR 2 system
with four 6DOF magnetic sensors. Three sensors were Model
130 and the furthest sensor from the tip was a Model 90.
The difference in model number was only due to availability
and did not change the collected data. These sensors were
positioned 10 centimeters apart starting from the tip of the
scope. The sensors communicated their position relative to
the Ascension Flat Metal Immune Transmitter, which was
placed beneath the colon model during experiments.

To quantify user torque and work, the absolute and in-
cremental encoder data were recorded using Simulink Real-
Time with a control cycle frequency set at S00Hz. The
encoders’ position and velocity at each cycle were logged.

B. Experimental Protocol and Procedure

The center-line of the intestine was digitized by tracing
a magnetic marker. Similarly, the entrance to the colon was
manually digitized along with select positions marked by an
expert gastroenterologist. These markers are shown in Fig. 5
along with the corresponding segments of the colon.

We then asked four novice users and one clinical expert
(all co-authors on this exploratory study) to carry out ten
insertions of the colonoscope navigating from the rectum
to the cecum. In an attempt to replicate the conditions of
an actual colonoscopy, the phantom and insertion tube were
generously lubricated using a standard water-based lubricant.
During the novice runs, the phantom was covered to en-
courage them to rely on the monitor instead of the phantom
for navigation. Prior to recording data, each participant was
allowed multiple practice runs to familiarize themselves with
the basics of colonoscope control and to adjust to using the
robotic mediation device. Multimedia Extension I shows our
device and our robotic mediation device in use.

Specific instructions were given to users before data col-
lection. These instructions described experimental require-
ments and prohibited actions. To be considered a successful
run, the user had to start by visualizing an internal seam
in the silicon positioned between the model’s opening and
the rectum. After the seam was in view, the data collection
began. To advance the scope, the user first needed to center
intestinal tunnel on the monitor. This constraint was set to
inhibit the user from ramming the colonoscope against the
colon walls as a way to passively navigate the scope. This
technique is incorrect and unsafe because it relies solely on
the colon’s corners and curves for steering and can result in
colonoscope looping, intestinal bunching, or, in severe cases,
intestinal perforation. The run was concluded once the cecum
was reached and the cecum was successfully visualized.

The data was saved after the cecum was visualized. The
data collected included: 1) position and velocity for incre-
mental and absolute encoders; 2) position and orientation for
the four magnetic sensors; and 3) elapsed time.

V. DATA PROCESSING AND EXPERIMENTAL RESULTS

The data collected was post-processed to include calcula-
tions of the torsional shaft deflections 7;, the user torques
7; on the control wheels, and user input power. Because the
control and data logging code ran at 500Hz and the mag-
netic tracker information came at 100Hz via UDP, the data
was processed to remove repeated readings and truncated
based on the closest point to the entry point of the colon
(designating the start of insertion). Data was also resampled
to include 1000 readings for each user to ensure equidistant
arc-length spacing and avoid biasing any classification results
with different spatial data densities per a unit-length of the
colon. The resampling was achieved using Piecewise Cubic
Hermite Interpolating Polynomials and visualized against the
original data to ensure that the interpolation re-sampling does
not produce any meaningful variations in the data.

Novice Expert

Y [mm]

50 -100 200
(a) w0 % OX[mm] (b) i

Fig. 6: (a) The path of each sensor for a novice user during
a procedure. (b) The path of each sensor for an expert user.
The blue, red, green, and cyan lines represent sensors 1-4,
respectively. The black circles identify each path’s transition
between the intestine’s segments.

For each user insertion experiment, the motion traces of
each marker were plotted in Fig. 6 and the local tangents
are plotted in Fig. 7. We computed the local tangents of
the nominal centerline from the digitized centerline data to
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establish a comparitive basis of each user’s motion traces. At
each point of a user’s motion trace, the closest point to the
nominal centerline was computed as well as the dot product
between the corresponding local tangents. Additionally, the
arc length in each colon segment was computed and com-
pared between the user’s motion traces and the centerline.

Using the local tangent data for the marker motion traces,
we computed the orientation change AR of the local marker
frame relative to the orientation of the same marker at
the colon entrance (denoted as R, ¢rance). This orientation
change was computed as a spatial rotation sequence where
Revrrent = AR Rentrance- Solving for AR and finding
the axis angle parametrization > AR = el yields the
unit vector of axis of rotation n and the rotation angle ~.
Figure 8 shows the rotation axes unit vectors color-coded by
each segment of the colon for both the expert and the novice.
For each set of unit vectors per colon segment also computed
the average direction and displayed it as a scaled-up vectors
as shown in the same figure. The deviation of each local
tangent relative to the segment average direction unit vector
was also calculated.

Novice Expert

-40,
60,

Z [mm]
B
53388

-200 -200
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Y [mm] 200 100 Y [mm]
0 : 200
(a) (D)

Fig. 7: The path of the first sensor and the local tangent
along the path for (a) a novice user, and (b) an expert user.
Local tangents were plotted every 2 points along the path.

50 T
0
50
100
X [mm]

Novice

z [mm]

y [mm]

Sigmoid - D i D ing -
Ascending - Cecum

Rectum - Sigmoid
Transverse - Ascending

Fig. 8: The variation of the axis of rotation throughout the
procedure for sensor 1. The arrow’s color corresponds to a
segment of the intestine at the time of reading.

VI. SKILL ASSESSMENT

To gain understanding of user performance, we performed
our user skill assessment using subjective measures and

2The notation [x]" denotes the cross-product matrix of vector x.

T T T T
Descending Colon : "[\-ans.! Ascending

T T
Sigmoid Colon
1 Colon | Colon

T
Rectum;
'

Local Tangent [rad]
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0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Normalized Time

Local Tangent [rad]
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Normalized Time

Fig. 9: The tangent angle of the colonoscope’s tip projected
onto the x-y plane for all experiments. Expert data was
plotted with a blue shaded region @ and the novice’s plotted
with a red ® using [14]. (Top) Maximum deviation for both
groups with the anatomical centerline shown with a black
line @. (Bottom) Average deviation of the users from the
centerline’s angle using the same designated colors.
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Fig. 10: The torque on each knob for all experiments. Expert
data is plotted with a blue shaded region and the novice’s is
plotted with a red using [14]. (Top) Maximum torque applied
by each group. (Bottom) Average torque applied. Each
intestinal segment is represented using numbers matching
the order shown in 9

objective classification. The subjective observations serve
to visualize the observed difference between the novice
performance and the expert while the objective assessment
serves to provide classification of user skill per each segment
of the colon and also aims to identify which of the computed
parameters best improves the classification scores.

A. Subjective Assessment

An example of the difference in path length between
expert and novice users is shown in Fig. 6. The expert user
performed the procedure in a path with fewer corrective
maneuvers than the novice users. The Rectum to Sigmoid
Colon segment proved to be the most challenging which is
represented in 6 with the dense network of sensor signals
crowded near the starting position. The expert user was
able to navigate through this portion with significantly fewer
corrections than the user.

4621



The instantaneous direction of motion along the path is
represented in Fig. 7 for expert and novice users. The expert
user’s direction followed the centerline of the model closer,
showing minimal directional deviation. The close proximity
of tangent lines identifies challenging features along the
path. Many arrows at a single location that diverge from
the model’s natural curvature show consecutive redirection
and course correction. Fig. 7 shows that these features were
more prominent in the novice data than the experts.

The orientation of the axis of rotation was analyzed and
the results in Fig. 8 show the expert user’s ability to orient the
colonoscope through each segment of the intestine smoothly.
The novice user’s orientations appeared almost random and
showed significant variation within each segment as well as
no clear transitions between them.

Torque readings shown in 10 display a wider range of
maximum torques applied for novice users. This was inferred
as being sudden movements during course corrections. The
average torque for the expert showed a smaller band of
variation displaying more efficient control.

B. Objective Assessment

We assess users’ skill levels using their experimental
performance. We use decision trees to classify skill levels
based on input parameters and identify which features con-
tribute to the behavior of experts and novices. We choose
classification and regression trees (CART) due to their ease
of interpretation for humans and their comparable accuracy
to other classification models [15], [16]. CART involves
creating a binary decision tree by analyzing a training dataset
where correct classifications are known. At each step, the
algorithm splits the data into two sub-groups based on
one specific input data feature, forming branches in the
tree. As the process continues, the number of entities in
each sub-group decreases, thus requiring a sufficiently large
training sample for accurate results [17]. This aids human
interpretability as the number of trees that split on a specific
feature denotes how important the feature is to classification
(ie. the more trees that split on it, the more important the
feature). Additionally, tree branch thresholds show the ranges
that lead to a more likely novice or expert classification.

For evaluation, we used two cross-validation techniques,
leave-one-user-out and leave-one-trial-out. Leave-one-user-
out evaluation includes training the decision tree on all
users and leaving one novice out, whereas leave-one-trial-
out excludes one random trial from each user for evaluation.
Our sample size is large enough to train the decision tree
since each user has 10 trials. The 8" trial for the expert
user and the 9*" trial for novice 2 were removed because of
errors during data collection.

We examined the most prominent features given by the
decision tree for each user at each segment as seen in table I.
For all participants, the A Segment length is the feature that
contributes the most to novice behavior. Also, A Segment
length feature is the only feature required for classifying
participants for Segment 3 based on their skill level.

In Fig. 11 we showed how close each novice is to expert’s
behavior based on the classifier’s inability to distinguish
between the novice’s behavior and the expert’s behavior. The
classifier can distinguish skill levels with an average accuracy
of 91% across all novices, it is achieving the highest accuracy
on Segments 3 and 4 for all novices while scoring the lowest
accuracy on Segments 1 and 5.

We also computed the dice coefficient by computing the
number of positive as well as penalizing for false positive
predictions, this is given by the encircled numbers in Fig. 12.
The dice coefficient values go in hand with the results from
evaluating through leaving one user out, where Segments 1
and 5 have the lowest dice scores while Segments 3 and 4
have the highest dice scores.

Novice 4
Novice 3

Nowice 2

Novice 1

Seg.1 Seg.2 Seg.3 Seg.4 Seg.5

Fig. 11: Color-bar charts of novice skill progression as a
function of each colon segment. 1 designates expert skill
level. 0 designates novice skill level.
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Fig. 12: Confusion matrices for each segment across all
users. The encircled number provides the dice scores.

VII. CONCLUSION

This paper presented a novel haptic mediation device
capable of serving as a tool for skill assessment, accelerated
skill acquisition via haptic training, and as a semi-automation
robotic navigation assistant. This device is the first tool
that offers these functions for in-hand finger manipulations
that involve complex digit manipulation synergies. It also
provides estimates of the user’s input torque and power and
intended motions. These added signals allowed classification
of user skill for anatomical segments of the colon. We
presented a modeling and control approach that allows the
user to remain in control of the device while deducing the
user’s motion intent and to applying variable admittance with
assistive effort offsetting the moment needed to bend the
colonoscope. We also demonstrated the first exploratory use
of this device for skill assessment. The types of signals
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TABLE I: The five most prominent features are shown with their values for all novice participants at each segment. A
Segment length is the arc-length difference per segment relative to the colon centerline, T,,qrker 1S the X coordinate for
the i*" marker, Averagemarker; is the average dot product between the path tangent and the average direction of the path

tangent for the i*" segment, p; is the power input on the i*"* control wheel.

Participants Segment 1 Segment 2 Segment 3 Segment 4 Segment 5
A Segment length | 0.65 | A Segment length | 0.66 | A Segment length | 1.00 | A Segment length | 0.92 | A Segment length | 0.62
Zmarker 2 0.14 Lmarker 2 0.12 ZTmarker 2 0.00 Averagemarker 1 0.08 T1 0.24
Novice 1 Ymarker 1 0.07 Average 0.10 Averagemarker 2 0.00 Tmarker 2 0.00 p1 0.06
Zmarker 1 0.05 A'Ueragemarker 1 0.03 A'Ueragemarker 1 0.00 Averagemarker 2 0.00 “Ymarker 1 0.03
L marker 2 0.04 Lmarker 1 0.02 Lmarker 1 0.00 L marker 1 0.00 Averagemarker 1 0.02
A Segment length | 0.51 | A Segment length | 0.56 | A Segment length | 1.00 | A Segment length | 1.00 | A Segment length | 0.69
Ymarker 1 0.15 Lmarker 2 0.13 T marker 2 0.00 Tmarker 2 0.00 T1 0.23
Novice 2 Zmarker 2 0.11 Averagemarker 2 0.08 Averagemarker 2 0.00 1 0.00 P1 0.05
Lmarker 1 0.08 Averagemarker 1 0.05 Averagemarker 1 0.00 p1 0.00 Ymarker 1 0.02
Averagemarker 2 0.05 Ymarker 1 0.04 Ymarker 1 0.00 “Ymarker 1 0.00 Lmarker 1 0.01
A Segment length | 0.57 | A Segment length | 0.78 | A Segment length | 1.00 | A Segment length | 0.87 | A Segment length | 0.72
. Zmarker 2 0.15 Averagemarker 2 0.10 Averagemaker2 0.00 Lmarker 1 0.07 Averagemarker 1 0.24
Novice 3 Zmarker 1 0.08 Averagemarker 1 0.03 Averagemarker 1 0.00 Tmarker 2 0.07 Ymarker 1 0.01
D2 0.07 Ymarker 1 0.03 Ymarker 1 0.00 A”e"'agemarker 2 0.00 Lmarker 1 0.01
“Ymarker 2 0.06 P2 0.02 P2 0.00 Averagemarker 1 0.00 P1 0.01
A Segment length | 0.53 | A Segment length | 0.75 | A Segment length | 1.00 | A Segment length | 0.92 | A Segment length | 0.59
Ymarker 1 0.14 Averagemarker 2 0.08 Averagemarker 2 0.00 Averagemarker 1 0.08 1 0.27
Novice 4 Zmarker 2 0.11 Averagemarker 1 0.04 Averagemarker 1 0.00 Averagemarker 2 0.00 p1 0.05
Ave"”agemarker 2 0.09 Ymarker 1 0.03 Ymarker 1 0.00 Ymarker 1 0.00 A'Ue'ragemarker 1 0.03
Tmarker 1 0.04 T2 0.02 T2 0.00 T2 0.00 “Ymarker 1 0.03

collected via our device are novel within the context of
skill assessment for colonoscopy and offer a glimpse at
differences between novices and the single expert in this ex-
ploratory study. It was shown that novices exhibit longer tool
traversal paths, erratic tool-tip angulation, poor orientation
when following the centerline of the colon, longer times,
and erratic changes in user torque/effort. We also carried
out a classification study using classification and regression
trees. The classification study also elucidated the five most
prominent features aiding with high classification accuracy.
This exploratory study has limitations, the most significant
being the number of expert users. An IRB-approved study
involving non-author subjects and with a higher number of
experts and novices and with the most prominent variations
of the colon anatomy needs to be carried out to strengthen
validation of our tool and skill assessment methods. The
modeling and control strategy neglects dynamics and lumps
frictional effects as part of experimental calibration. Nev-
ertheless, we believe that this exploratory effort addresses
important applications that may accelerate training of en-
doscopists and also offer a future use of tandem training
allowing an expert to "nudge" a trainee by using a similar
device coupled by software to the trainee’s tool.
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